Introduction
Assam has a predominantly humid sub-tropical climate with hot and humid summers, severe monsoons and mild winters. A significant feature of the cropping patterns of the region is the pre-dominance of paddy, which accounts for more than 90 percent of total cropped area. Distinctions are drawn between three different paddy crops, namely, Ahu paddy, Shali paddy and Boro paddy depending on the harvesting season. The present study attempts to measure farm level technical efficiency among Ahu paddy farmers in Hailakandi district of Assam by adopting a transcendental logarithmic stochastic production frontier approach with inefficiency effects. A host of non-input and socioeconomic factors which might affect farm level technical efficiency are taken into consideration to explain inter-farm variations in the level of technical efficiency. Efficiency differentials across different size classes of cultivators are also studied.
During the past three decades numerous studies have been conducted on measurement of efficiency in agriculture and as such vast literature has accumulated since the early 1980s. For instance Wadud and White (2002) [1] measured farm specific technical inefficiency using farm level cross sectional survey data of rice farmers in Bangladesh. The results show that technical inefficiency effects tend to be significantly influenced by the factors measuring environmental degradation and irrigation infrastructure. More influential contributions are due to Kalirajan and Shand (1989) [2] , Kalirajan and Flinn (1983) [3] , Ali and Flinn (1989) [4] , Coelli and Battese (1996) [5] , Heshmati and Kumbhakar (1997) [6] and Kumbhakar and Bhattacharyya (1992) [7) , Bagi and Huang (1983) [8] and Bhattacharyya, Kumbhakar and Bhattacharyya (1995) [9] . This paper is written in the following four sections. A brief introduction to the study is given in section I, followed by methodology and data sources in section II. Section III deals with the presentation of empirical results and analysis and finally summary of the study and policy conclusions are presented in section IV. Throughout the text the terms 'farmer' and 'cultivator' have been used alternatively assuming that they have the same meaning.
II. Methodology and Data 2.1 Econometric Approach
The present study uses the technical inefficiency effects model originally due to Kumbhakar, Ghosh and McGuckin (1991) [10] , and estimates the stochastic frontier and the inefficiency effects model parameters simultaneously, given appropriate distributional assumptions on the inefficiency random variable (Battese and Coelli, 1995) [11]. The simultaneous estimation of the stochastic production frontiers and models of technical inefficiency using maximum likelihood techniques have also been further developed by Reifschneider and Stevenson (1991) [12], Huang and Liu (1994) [13] , and Battese and Coelli (1995) [14] . This approach has been applied empirically by Coelli and Battese (1996) [15] and Battese and Broca (1997) [16] .
A number of studies have used a two step approach to determine the sources of inefficiency or factors that affect farm level technical inefficiency. In the first step a stochastic frontier model is estimated by maximum likelihood method and farm specific technical inefficiencies are calculated under the assumption that the technical inefficiency effects are identically distributed. In this step it is ignored that technical inefficiency is a function of farm specific and exogenous variables. Once farm level technical inefficiencies are estimated it is regressed in the second stage on a set of farm specific factors (or characters) and/or exogenous factors beyond the farm's direct control but which may explain inter-farm variation in technical inefficiency. These factors typically are not inputs but may affect the way inputs are organised in production. In this step either logit or probit models are used. The application of the logit or probit in the second step contradict the assumption of identically distributed inefficiency effects in the stochastic frontier model since predicted efficiencies are assumed to have a functional relationship with farm specific variables and exogenous variables. In the second stage the estimated technical inefficiency effects are modeled as a function of some farm specific and exogenous factors. This implies that inefficiency effects are not identically distributed unless the coefficients of the farm specific factors are simultaneously equal to zero (Kumbhakar and Lovell, 2000) [17] .
The problems of this two stage method can be addressed using a one stage formulation of Kumbhakar, Ghosh and McGuckin (1991) [18]. They specified the technical inefficiency effects and estimated the stochastic frontier and inefficiency effects simultaneously by using maximum likelihood method, given appropriate distributional assumptions on the inefficiency component. Kumbhakar et al (1991) [19] model was developed for cross-sectional data. Reifschneider and Stevenson (1991) [20] and later, Huang and Liu (1994) [21] also developed the one stage formulation based on cross-sectional data. Battese and Coelli (1995) [22] developed a model similar to Kumbhakar et al (1991) [23] but for panel data. The present study follows a Kumbhakar et al (1991) [24] approach to simultaneously measure farm level technical efficiency and to test the impact of a few (selected) farm specific and non-input factors on the level of technical inefficiency among paddy cultivators of Hailakandi district of Assam on the basis of primary data (covering 200 cultivators) collect Jun -July, 2010. Exact description of all relevant variables used in the study is imperative. The list of variables with their units of measurement for the translog production frontier model is listed below.
Output (Y) of the cropping season of 2010 in quintals, cultivated area (CA) in bigha, cost of human labour (HL) including women workers in rupees, cost of traditional equipments (E in rupees), expenditure in rupees on irrigation (I) facilities (including personalized micro-irrigation system -i.e. pump sets etc.), value of fertilizers (F) in rupees, and value of pesticides (P) in rupees. Bigha (and not hectare) has been kept as the unit of cultivated area as because there is a predominance of small and medium sized plots across the sample under consideration.
The list of variables with their units of measurement for the inefficiency effects model are, age of the cultivator as a proxy for experience, education as measured by total no. of years of schooling in the cultivator's household, existing loans in rupees, area under HYV, self consumption as a percentage of output, government support dummy (recipient of any technical help and support from the State Dept. of Agriculture = 1, 0 otherwise), multiple b dummy (multiple croppers = 1, 0 otherwise). The econometric model is presented in the Appendix (see appendix 2).
Data
Data for the present study is completely primary in nature based on paddy production for the Ahu cropping season of 2010. The timing of sowing for Ahu paddy is around March-April and the timing of harvest is around June-July. Ahu is the second largest crop both in terms of area sown and total output. Moreover it is entirely rainfall dependent or monsoon dependent as because privately arranged artificial irrigation facilities (like electric or diesel driven pump sets to draw ground water) are rare in South Assam and especially so in Hailakandi.
The sampling strategy is illustrated in the Table 1 given in the appendix. All the five blocks of Hailakandi district were selected for the study. In stage 1, approximately 30 percent of the Gram Panchayats under each block were randomly selected. In other words 4 Gram Panchayats (G.P.) was randomly chosen from a block consisting of 12 G.P.s. In stage 2 the best village in terms of agricultural performance of the last cropping season (as per secondary information) was chosen from each of the selected G.Ps. Thus only one village (best performing village in terms of paddy output) was selected from a G.P. Evidently number of G.P.s selected equals the number of villages selected for the study.
A slightly more complicated strategy was adopted for the purpose of cultivator selection. A'priori information on size-class shows that sub-marginal, marginal and small farmers dominate the region. From each selected village the complete list of farmers according to size class was first obtained from the Agricultural Circle Officer. Finally, 1 percent of sub-marginal farmers, 1 percent of marginal farmers, 2 percent of small farmers, 10 percent of medium size class farmers and 50 percent of large farmers were chosen randomly from each selected village. The village wise samples obtained are given in the sampling chart in table 1 in the appendix. The total sample size for the present study is 265.
III. Analysis of Empirical Results
The size-class wise distribution of operational holdings of the sample of 265 cultivators considered in the present study is presented in Table 2 of Appendix 1. Approximately 17 percent of the total sample of cultivators belong to the sub-marginal size class (0 -5 bigha). On the other hand 27 percent of sample cultivators belong to the marginal size class, which is basically below 1 hectare size class. Around 17 percent of sample cultivators belong to the 'small' size class (that is 1-2 hectare size class). Thus sub-marginal, marginal and small farmers comprise 51 percent of sample cultivators. Interestingly these 51 percent sample cultivators enjoy around 22 percent of total operational holding in the sample. Around 16 percent of sample cultivators belong to the semi-medium size class of farmers. However, their operational holding is around 33 percent of total operational holding in the sample. The medium size class of cultivators (4-10 hectare size-class) constitutes approximately 19 percent of the sample of cultivators. However, this size class enjoys around 40 percent of total operational holding in the sample. Finally only around 3.4 percent of total sample cultivators belonging to the large size class (above 10 hectare) they enjoy around 4 percent of total operational holding in the sample.
In sum, the distribution in the Table 2 reveals that the semi-medium and medium size class of cultivators dominates the sample in terms of land holding. However, semi-medium and medium sized cultivators comprise only 35 percent of sample cultivators but these two size classes together hold roughly 73 percent of operational holdings in the sample. Standard measures of inequality are not computed. Table 3 presents the data summary or descriptive statistics of all variables used to estimate the parameters of the translog stochastic production frontier. This is followed by Table 4 , which presents the summary statistics of the inefficiency effects variables. Table 5 presents the maximum likelihood estimates of parameters of the translog production function. Evidently the parameters of the translog production function do not have any direct interpretation and as such the partial elasticities of output with respect to inputs are more pertinent. Even then estimated values of certain coefficients and t -ratios are worth noting.
The constant term is found to be insignificant. So are the coefficients of irrigation, fertilizers and pesticides. Cultivated area is statistically the most significant factor that determines output. This is followed by human labour and traditional firm equipments. Moreover, it is revealed from table 5, that all the interaction terms are not only statistically insignificant but have extremely small values and hence play a very negligible role in determining the elasticities of output with respect to factors.
Turning to the variance parameters of the stochastic frontier model it is found that both [25] . This is an indication of the presence of inefficiency. This implies that OLS would be an inappropriate method to estimate parameters of the translog production function. Testing the null hypothesis no technical inefficiency is important. The null hypothesis of no technical inefficiency can be tested by applying the Likelihood Ratio Test. The likelihood ratio test is based on the likelihood ratio statistic (LR) defined as,
are the values of the likelihood function (optimum) under the null and alternative hypotheses respectively. But since the hypothesized value of  lies on the boundary of the parameter space it is difficult to interpret the test statistic. It can be shown that the LR statistic follows a mixed χ 2 distribution that asymptotically approaches χ 2 distribution with degrees of freedom equal to the number of restrictions imposed in the model (Coelli, 1995) [26] . Similar is the test of the hypothesis that inefficiency effects are absent in the model. All estimations were done using the software package FRONTIER 4.1 (Coelli, 1995) [27]. The Battese and Coelli (1995) [28] inefficiency effects model was adopted. The third central moment of OLS residuals is found to be -903.011which is a fundamental requirement.
Obtaining the maximum likelihood estimates of all parameters of the traditional (OLS) model and inserting it back in the log likelihood function gives the optimum value of the log likelihood function under the null hypothesis of no technical inefficiency. For the null hypothesis no technical inefficiency the LR statistic is computed at 50.48 which greater than χ 2 with 8 degrees of freedom at 1 per cent level. Thus the hypothesis of no technical inefficiency is rejected at 1 per cent level. In other words traditional average production function (OLS) model would be an improper specification of the production function.
Estimated coefficients of the inefficiency effects variables of the translog production frontier are presented in Table 6 . The constant term 1  is found to be insignificant along with the coefficients of education and government support dummy. The coefficient of 'Age' of the cultivator is negative and statistically significant at 4 percent level. This implies that higher the age of the farmer, the lesser the technical inefficiency, or alternatively, higher the technical efficiency. Similarly percentage of land leased in by the cultivator negatively influences technical inefficiency, that is, positively influences technical efficiency. So higher is the percentage of land leased in by the cultivator, higher the technical efficiency. However, the coefficient of land leased is significant at 6 percent level and not at 5 percent level. Education as measured by number of years of formal schooling of the cultivator has positive influences on firm level technical efficiency but the coefficient of education is insignificant even at 10 percent level.
Outstanding loans which is taken as an indicator of indebtedness in the present study, has a strong and positive influence on technical inefficiency and the coefficient is found to be significant at 1 percent level. In other words, the more indebted the farmer the lower is the technical inefficiency. As mentioned before government support dummy is found to be insignificant. It may be inferred that government support or agricultural extension programmes did not have any significant influence on farm level technical efficiency for the selected sample of cultivators. Self consumption as a percentage of firm output negatively influences technical efficiency, the coefficient being significant at 9.3 percent. In other words farmers' distress in a relative sense negatively influences technical efficiency. For the present study percentage of self consumption is taken as a proxy for farmers' distress.
Given the backwardness of agriculture in the region, it appears that farmers with larger proportion of self consumption (as a percentage of farm produce) are relatively more distressed compared to those having a smaller percentage of self consumption. The simple correlation coefficient between area cultivated and percent of self consumption turns out to be -0.67 implying that larger the farm size smaller the percentage of self consumption, the converse being also true. More interestingly the simple correlation coefficient between output size and percentage of self consumption turns out to be -0.54, which is consistent with the farm size -self consumption relation. Thus the findings indicate that more distressed farmers are technically more inefficient. Finally the correlation coefficient between self-consumption and indebtedness is 0.33 which is positive. That is higher the indebtedness higher is the distress level. This establishes the vicious chain of distress level, self consumption and indebtedness.
Finally, the partial elasticities of output with respect to inputs computed on the basis of the estimated parameters of the translog production function are presented in Table 7 . Cultivated area has the highest elasticity value (0.62) among all other inputs. This is followed by human labour. The remaining inputs consider in the study such as equipments, irrigation, fertilizers and pesticides have negligible elasticity values. The returns to scale or the scale elasticity of output (which is basically the sum of the partial input elasticities) turns out to 0.869 which is less than unity.
Thus for given sample of farmers in Hailakandi district no evidence of increasing return to scale is found. This is primarily on account of the poor values of output elasticities with respect to equipments, irrigation, fertilizers and pesticides. Arguably this is a steady finding in the framework of the present study where personal or privately organised irrigation is expensive (if not beyond the financial capability of most cultivators) and its use is infrequent. Furthermore controlled use of fertilizers and pesticides are rare in the sense that their application per bigha, are on most occasions, far below standard agricultural prescriptions yielding suboptimal results.
IV. Summary and Conclusions
The present study measures farm level technical efficiency of paddy farmers in Hailakandi district of Assam by adopting a stochastic production frontier with inefficiency effects for cross-sectional data. The stochastic frontier and the inefficiency effects parameters are simultaneously estimated using maximum likelihood method (Battese and Coelli, 1995) [25] . A transcendental logarithmic production frontier is adopted due to its flexibility. With due reservations, the study is based on paddy output of the agricultural season of 2010-11 (i.e., Ahu) only. Area sown, labour, irrigation, pesticides and fertilizers are the key inputs assumed to explain farm output. As per district level agricultural records, farm mechanization and automation are too rare to be considered as inputs for the sample of cultivators chosen in the present study. Certain non-input factors which usually affect farm level technical efficiency are assumed to explain inter-farm variations in the level of technical efficiency.
All five blocks of Hailakandi district were selected for the study. Approximately 30 percent of the Gram Panchayats (G.P.s) under each block were randomly selected. The best village in terms of agricultural performance of the last cropping season (as per secondary information) was chosen from each of the selected G.P.s. Only one village (best performing village in terms of paddy output) was selected from a G.P. All size classes of cultivators were appropriately included from a selected village in order to construct a representative sample of 265 cultivators covering all blocks of the district.
The principal findings of the study turn out to be rather interesting but are more or less obvious in the context of backward agriculture where mono-cropping is predominant. A noteworthy finding is that semimedium and medium size classes of cultivators dominate the sample in terms of land holding. To be precise, semi-medium and medium sized cultivators comprise only 35 percent of sample cultivators but together enjoy around 73 percent of operational holdings in the sample.
Turning to the estimates of trans-log production function parameters, the constant term is found to be insignificant. So are the coefficients of irrigation, fertilizers and pesticides. Cultivated area is statistically the most significant factor that determines output. This is followed by human labour and traditional firm equipments. Moreover, all the interaction terms are not only statistically insignificant but have extremely small values and hence play a very negligible role in determining the elasticities of output with respect to factors.
The elasticities of output with respect to inputs are more important and are computed from the estimated parameters of the translog production function.
Cultivated area has the highest elasticity value (0.62) among all other inputs. This is followed by human labour. The remaining inputs consider in the study such as equipments, irrigation, fertilizers and pesticides have negligible elasticities. The scale elasticity of output is less than unity which clearly indicates decreasing returns to variable inputs.
Poor scale elasticity is primarily due to the poor output elasticities with respect to almost all inputs. Arguably this is consistent in the context of backward agriculture where personal or privately organised irrigation is not beyond the financial capability of most cultivators and thus its use is irregular and below prescribed norms. Moreover controlled use of fertilizers and pesticides are rare and their application per bigha, are on most occasions, far below standard agricultural prescriptions leading to suboptimal outcomes. These factors might explain the poor sensitivity of output with respect to inputs.
The null hypothesis of no technical inefficiency in the data was statistically tested using Likelihood Ratio Test. The results strongly signify that technical inefficiency is present in the data set. This further implies that traditional least squares method would be inappropriate to estimate parameters of the production function. This is also apparent from the statistically significant values of the variance parameters of the stochastic frontier model.
The influences of non-input factors on farm level technical inefficiency are rather more crucial. Among the non-input factors years of formal education of the cultivator positively influences technical efficiency but the coefficient is found to be statistically insignificant.
The coefficient of government support dummy is also found to be statistically insignificant. However both indebtedness (as measured by outstanding loans) and percentage of self consumption of farm produce have negative influences on technical efficiency. Interestingly, percentage of land leased-in by the cultivator has a positive impact on technical efficiency and the coefficient is found to be significant. Surprisingly age of the cultivator has a positive impact on technical efficiency. That is the older and more experienced farmers are technically more efficient. Mean technical efficiency for the sample of 265 cultivators is approximately 63 percent.
The study concludes that, given the backwardness of agriculture in the region, farmers with larger proportion of self consumption (as a percentage of farm produce) are relatively more distressed compared to those having a smaller percentage of self consumption. The simple correlation coefficient between area cultivated and percent of self consumption is found to be negative implying that larger farmers have smaller percentage of self consumption. Moreover the correlation coefficient between output size and percentage of self consumption is also negative implying that more successful farmers have smaller percentage of selfconsumption. Expectedly, proportion of self-consumption is positively associated with indebtedness for the present sample of cultivators. Thus the findings indicate that more distressed farmers are technically more inefficient. vu     These estimates can then be used to obtain producer specific estimates of technical efficiency, employing the Jondrow, Lovell, Materov and Schmidt (1982) approach to find the best point estimates of technical efficiency. These estimates are either
